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Deep Learning (Adaptive Computation and Machine Learning series) Hardcover — November 18, 2016
by lan Goodfellow ~ (Author), Yoshua Bengio = (Author), Aaron Courville = (Author)

i ~
EA R EEEE in Artificial Intelligence & Semantics

Look inside 3

46 customer reviews

See all formats and editions

Hardcover
$64.00

11 Used from $80.12
15 Mew from 564.00

College student?

FREE shipping and exclusive deals Learnmore »

Primestudent

"Written by three experis in the field, Deep Learning is the only comprehensive book on the subject.” --
Elon Musk. cochair of OpenAl. cofounder and CEC of Tesla and SpaceX

Deep learning is a form of machine learning that enables computers to learn from experience and
understand the world in terms of a hierarchy of concepts. Because the computer gathers knowledge
from experience, there is no need for a human computer operator to formally specify all the knowledge
~ Read more
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kiE$B&RZ (K-Nearest Neighbor Algorithm)
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5=7 . ¥

X{EN (x)
XSFoRaft: MBEERIZEHURE
y(x) = majority vote {y;, x; € N, (x)}
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Jerome H. Friedman, Robert Tibshirani, and Trevor Hastie. “The Elements of Statistical Learning” . Springer 2009.
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40



kif$BRiZ% (KNN)

I~ SRR
REXINSL G x SEBEx; Z BRI R ELs (x, x;)

AR E T BRI R DA R S B TR

inENk(x) S(‘x’ xi)yi

Zivieny (oS (6 i)

y(x) =

41



IESZIKNN

ESHREES)

LR EBNNSE: BISEFIERRE— 124K

BN/ B
B Liff, RPFAES, MEEN/DWPE, BPPHEIN—1 2
&

Sk
HATRBERIZRER LRSS REFEOIERKRITNE, Bk = 1ITERS
BRI

EIeuEE EEERYEE

42



KiEEBEERITFEIPREEE
K(x®,x0) = p(x®) p(xD)
R

=00 = P (DT + AL) 1y
= K(K + AL) 'y

m T

wtx +b* = (Z a; yDep(x®) > d(x) + b*
i=1

¥=¢x)"8 = K@) K+ L)ty

m
= z a; yOK(x®,x ) + b*
K(x) = ¢p(x) @' i=1

- Gt SIHTHEET R ANUESZ LK (O, x )
« AR T X AMEI ST
PSRRI AMEIE

43



B i



*6p% 5 ( Matrix Factorization )

T [ — m‘ ‘FEE- - l‘wﬂl‘/m

o —a? DIARY -

: },;m—-.:- I m,! . .;:"": ? f‘%ﬂg

(:_ Mission: GoldenEye Titanic No.itin;ﬁill °Bri&gef Stl.;r;

Impossible Jones’s Actually

Diary

Boris Yok nw | Yoioiodnt | Yoinioink WO Yroonx

Dave Yook | Yoinioink | Yoinloink g

Will YO Yok | Yololoiok | Yoloin'nr | Yoinioin®:

George | Yoinioin'r | Yodoiodnk | Yolnlodss | Yol YR
1) y ril‘] ”-”—_j'- = L:X'I‘-lar/m
DIARY —
ird Mission: GoldenEye Casino Titanic Noltinﬁill Bri&gef ;'L—o_v:
Impossible Royale Jones’s Actually

Diary
[ [ [ [ @ [ [ @
Bris | OO0 @ © e o o o o o
S R T A A A O
S| | 000008 4 o ¢ 0 © © o o
ceorge | QOOOOO® @ @ @ @ @ @ @ @

Koren, Yehuda, Robert Bell, and Chris Volinsky. "Matrix factorization techniques for
recommender systems.” Computer 42.8 (2009).




2

*Bf%FS531

# ( Matrix Factorization )

AR

AR

A -4 2
-5 .6 5
-2 3 5
11 2.1 .3
-7 2.1 -2
-1 e .3

R
Aan

3 5

5 . 4

~ R

4 3 ru,i = Pudi
2|4

4 2

3

1.1 3 -4 14 | 24 | -9
-8 5 2.9 1.2 -1 1.3
2.1 6 4 7 -6 1

46




BARIES HHRE

AP ufE¥lmi EASFmm
fui = Pudi W& =AY

. 1 2
L(u,i,ry;) = > (rwi — o qi)
)& Bfr

| 1 p
min ZEDE (s = PRaD? +%5 (1l oy 1P+ g3 17)
Tu,i

=
aﬁ(u, i, T'u,i)

py
0L(u,i,1y;)

dq;

= (Puqi — Twi)qi + Ay

= (Puqi — Twi)Pu + Aq;



iR ERIEFS HHRE

AP uEYD &R _EAIFTN
fui =pn+by +b;+puq;

2B BF YW BRY
RE RE WRE mXE

l

ZRER

. } :1 2
min 5 (i = (u+ by + b; + Du ql-))2+§(ll pu 12+ g; 1> +bZ + bf)

T,i€D

SEEHT 8§ =ry,; — (u+ by +b; +piq;)
peu+no
b, « (1 —nA)b, +nd
b; « (1 —nA)b; + nd
py < (1 —nd)py +1égq;
q;i <« (1 —nd)q; + népy

48



Rating by date
3.9

mean score

2500

time (days)
0 291500k (200454]) HNBHERERIYRESITD A LT

Koren, Yehuda. "Collaborative filtering with temporal dynamics. “ KDD 2009.
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0 7R, MEMNANS: “TESEREE— N EEEN,
(TR EERE,

O B, ZIoRE f: R" x R™ » RIZWNGMERE], HENEHMER
u,v € R*¥]s, t € R™EE:

1. f(u,s+t)=f(us)+f(ut) 3. f(u,As) = Af(u,s)
2. flu+v,s)=fws)+ f(w,s) 4. f(Au,s) = Af (u,s)

O BRI IERERINIFRFEERTR () , BILASIE:

1. (u,s +t)=(us)+ (urt) 3. (u,As) = A{u,s)
2. (u+v,s)=(u,s)+(v,s) 4. (Au,s) = A{u, s)
T. Chen et al. Feature-based matrix factorization. arXiv:1109.2271 60
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ElF 288l (Factorization Machine)

d -1  d
y(x) =wp + z wix; + z z (Vi, Vj )X X;
i=1

i=1 j=i+1

O 1B (928) FRIERIRARG
O B MEEFER(ERSHERALE

O FrE% R R EREF

O EEIERYEIRE

Steffen Rendle. Factorization Machines. ICDM 2010
https://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/
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ElFoEN (Factorization Machine)

V(X)) = wy + z w;X; + 2 2 (Vi, Vj )X X;

=1 j=i+1
O Eyjéjé&vsgz*%gﬂg%%% KHTEE BAISET
d-1 d @ﬁ?}%\ﬁaﬂ ‘55@, Ls=1
. Bs=dAT = HIKFOI TR
090 (5 3 wnan -
=1
d s—1
= V.. ( Z Vs, V) T5T; + Z vz,vs)ac%ms)
i=1
= Ty Z :IZJ’UJ —I—LESZSC V;
j=s+1
= Ty Z r;V; — :B2’U
i=1
Steffen Rendle. Factorization Machines. ICDM 2010 65

https://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/



ElFoEN (Factorization Machine)

d -1  d
y(x) =wp + z wix; + z z (Vi, Vj )X X;
i=1 1=1 =

0 FXESEREN0(kd?), BJLMSENTER, BEREREEO (k)
z_: Z (vi,vj)xiT; = ( (vi,vj)TiT; — Z(%,vi)m?)

1=1 j=i+1 1 =1
(z

d
Z’UZ,QL'J’UJ> Z(miv@',mivi))
1 j=1 i=1
1=

d 1 d

Z;U;, E TV 2 E iL' 'Ui,ﬂ:i'”i)
1=1
d

5y (z) DN

=1 i=1 i=1
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Steffen Rendle. Factorization Machines. ICDM 2010 66
https://www.ismll.uni-hildesheim.de/pub/pdfs/Rendle2010FM.pdf
Open source: http://www.libfm.org/
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egression
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Yanru Qu et al. Product-based Neural Networks for User Response Prediction. ICDM 2016.
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